Quantitative T1 maps (qT1) are often used to study diffuse tissue abnormalities that may be difficult to assess on standard clinical sequences. While qT1 maps can provide valuable information for studying the progression and treatment of diseases like multiple sclerosis, the additional scan time required and multi-site implementation issues have limited their inclusion in many standard clinical and research protocols. Hence, the availability of qT1 maps has historically been limited.
Introduction
Quantitative magnetic resonance imaging (MRI) techniques such as T1 mapping (qT 1 ) are important tools to measure relaxation times in the human brain and compare them across different individuals and different time points. Increased relaxation times across the white matter have been associated with a number of neurological diseases and disorders, including schizophrenia, alcoholism, optic neuritis, near-terminal AIDS, and multiple sclerosis (Tofts and Du Boulay, 1990) . In multiple sclerosis (MS), T 1 relaxation times have been found to be longer in otherwise normal-appearing white matter (NAWM) relative to healthy control subjects (Griffin et al., 2002; Vaithianathar et al., 2002; Parry et al., 2002; Castriota-Scanderbeg et al., 2004; Vrenken et al., 2006) . This is believed to reflect an impact of the disease beyond the acute T 2 -hyperintense lesions, which can be detected on standard clinical MR images (Griffin et al., 2002; Papadopoulos et al., 2010) . Such elevation in T 1 in NAWM is associated with demyelination, inflammation and axonal loss (Vrenken et al., 2006) . The relationship between NAWM T 1 and disability is of particular interest, as both the mean and variance of NAWM T 1 have been found to be associated with current and future disability (Parry et al., 2002; Manfredonia et al., 2007 ) and brain atrophy (Neema et al., 2007) .
Additionally, some studies have detected elevated T 1 in MS patients in deep gray matter (DGM), particularly in the thalamus (Griffin et al., 2002; Parry et al., 2002; Vrenken et al., 2006) and in cortical normal-appearing gray matter (GM) (Vrenken et al., 2006) . Elevated T 1 in DGM may be correlated with fatigue in MS (Neema et al., 2007) . The evolution of T 1 in MS has also been studied longitudinally (Liang et al., 2012) . Several studies have established an increase in the variance of T 1 over time in NAWM and GM in MS (Parry et al., 2003; Davies et al., 2007; Manfredonia et al., 2007; Papadopoulos et al., 2010) . There is some limited evidence for an increase in average (mean, median or mode) NAWM T 1 over time in MS (Manfredonia et al., 2007) , but investigations into changes in average GM T 1 have found mixed and even conflicting results (Parry et al., 2003; Manfredonia et al., 2007) .
For all the potential of T 1 mapping, multiple factors have limited the broad availability of qT 1 maps. First, qT 1 maps are still not part of most standard clinical or research protocols, due in part to the additional scanning time required. This is particularly true in the clinical setting, where limited resources and patient factors typically limit acquisition to conventional MRI sequences. Second, while the availability of qT 1 maps in observational studies is increasing, many longitudinal studies of MS and other neurological diseases include years or even decades of imaging history, during only part of which qT 1 maps may have been acquired. Finally, estimation of T 1 through qT 1 mapping requires very careful calibration, and many technical factors can limit the reproducibility of qT 1 maps across acquisition methods, centers, scanners or visits.
To overcome these limitations, in this paper we introduce a new method of computing qT 1 maps retroactively, which only requires the acquisition or availability of four common sequences: T 1 w, T 2 -weighted (T 2 w), proton density-weighted (P Dw), and T 2 -weighted fluid attenuated inversion recovery (F LAIR) imaging. Using our method, a qT 1 map can be added to a clinical or research protocol at any point after acquiring these four sequences. Rather than estimating T 1 analytically using several images acquired with different flip-angles or inversion times, as is commonly done, our method estimates T 1 statistically based on normalized versions of the sequences mentioned previously. Key to the success of our method is a novel normalization technique that utilizes the cerebellar gray matter as a reference tissue. Henceforth, we refer to the traditional, analytically (from multiple T 1 w acquisitions) estimated qT 1 maps as "calculated qT 1 " maps or "calc-qT 1 ", and we refer to our statistically estimated qT 1 maps as "statistical qT 1 " maps or "stat-qT 1 ".
In the next section, we introduce our statistical estimation model, Statistical Quantitative T 1 Estimation Employing Normalization (QuEEN). We show that our statistical qT 1 maps can detect group differences in acute and diffuse white matter pathologies between subjects with different MS subtypes and healthy controls. Finally, we show that the estimation error of the statistical qT 1 maps is comparable to the measurement error of calculated qT 1 maps, and that stat-qT 1 and calc-qT 1 have similar accuracy in predicting future scans. The QuEEN model is fully automated and computationally efficient.
Materials & Methods
In this section, we detail the QuEEN method for creating statistical quantitative T 1 maps (stat-qT 1 ). Before the QuEEN prediction model is fit, preprocessing includes the removal of extracerebral tissue and segmentation of the brain, followed by intensity normalization of the conventional modalities. The QuEEN prediction model, a spline regression model relating normalized predictor volume intensities to calc-qT 1 intensities, is fit within each tissue class separately. We evaluate the performance of the statistical qT 1 maps using leave-one-subject-out cross-validation. We also perform tests of group differences within normal-appearing white matter (NAWM) using both calc-qT 1 maps and stat-qT 1 maps and compare the results.
Study Population
Our dataset consists of MRI studies collected from 75 subjects. In order to ensure high image quality for model training, we performed extensive quality control. Four studies were excluded due to subject motion. An additional 2 studies were excluded due to registration problems, and 6 studies were excluded due to tissue class segmentation errors. Of the 63 remaining studies, 29 are from patients with PPMS, 15 are from patients with RRMS, 17 are from patients with SPMS, and 2 are healthy volunteers (HVs). Additional summary statistics are shown in Table 1 . 45 studies of high quality were included in the training dataset; the remaining 18 studies were not used for model training but were included for model validation. To assess reproducibility, a second MRI study was collected for 37 subjects. Of these, one study was excluded due to motion, and two studies were excluded due to segmentation errors. Of the remaining 34 studies, 20 are from patients with PPMS, 13 are from patients with SPMS, and one is from a patient with RRMS. The average length of time between the two studies is 169 days and ranges from 21 to 301 days. 
Image Acquisition
Each MRI study includes the following volumes, all collected on a Siemens Skyra 3T scanner: a qT 1 map, acquired as two T1-FLASH (Fast Low Angle SHot) sequences at differing flip angles [TR=7.8ms, TE=3ms, FA=3/18] (Christensen et al. 1974 , Gupta 1977 ) with a B0+B1 field map for FA correction (Duan et al. 2013) ; T 1 -MPRAGE (Magnetization-Prepared RApid Gradient Echo) [TR=3000ms, TE=3.03ms, TI=900ms, FA=9]; P Dw and T 2 w images from a dual-echo turbo spin echo (TSE) sequence [TR=3000ms, TE=11ms/101ms, FA=150, ETL=14]; and a 3D T 2 -weighted F LAIR image acquired using a T 2 -selective inversion pulse optimized for T 2 of 120ms [TR=4800ms, TE=354ms, TI=1800ms, Variable FA]. All scans were acquired at 1.0mm isotropic resolution except the P Dw/T 2 w TSE sequence, which was acquired at 0.93 × 0.93 × 3.0mm resolution.
Image Preprocessing
The qT 1 volume of each subject is B 0 -field corrected to reduce magnetic field inhomogeniety and B 1 -field corrected to account for the radio-frequency transmit bias field. For each subject, we rigidly align the corrected qT 1 , T 1 w, T 2 w, P Dw and F LAIR volumes to the MNI152 1.0 mm nonlinear template, using a two-step registration technique where a second alignment is done after skull-stripping. We apply the N4 inhomogeneity correction algorithm (Tustison et al. 2010 ) to the T 1 w, T 2 w, P Dw and F LAIR volumes, and we remove extracerebral voxels using the SPECTRE skull-stripping algorithm (Carass et al. 2011 ).
Brain Tissue and Tissue Class Masks
For each study, we use a coarse tissue class segmentation from Topology Preserving Anatomy Driven Segmentation (TOADS) (Bazin and Pham 2008) for healthy controls and Lesion-TOADS (Shiee et al. 2010) for patients with MS. Both algorithms identify eight normal tissue classes as well as cerebrospinal fluid (CSF); Lesion-TOADS also identifies white matter lesions. Since TOADS and Lesion-TOADS employ topological constraints that can cause segmentation errors within the ventricles, which can appear discontinuous on MRI, the ventricular segmentation is then corrected using the non-topologically constrained maximum membership classes.
To create a brain mask including only the eight normal tissue classes and white matter lesions, we exclude voxels identified as CSF. Furthermore, we exclude any voxels that appear hypointense in the F LAIR image by thresholding the image below the 80th percentile, which has been shown to help correct for CSF segmentation errors (Sweeney et al. 2013 ). Finally, we exclude any voxels outside the field of view on any image and voxels on the calc-qT 1 volume with physically implausible values for brain tissue (defined as less than zero or greater than 5s). The voxels that remain after these exclusions comprise the brain mask.
To create a conservative mask of each tissue class, we start with the tissue class segmentation described above and remove any voxels outside of the brain mask. To exclude voxels exhibiting partial volume effects along tissue class borders, we erode the mask of each tissue class using a 3 × 3 × 3 diamond-shaped kernel. Eroded voxels are excluded from the model training dataset and validation measures, but are included for whole-image prediction.
Intensity Normalization
Intensity normalization of conventional MRI sequences is crucial for an accurate qT 1 statistical model that uses these sequences as predictors. Although it is common practice to intensity normalize with respect to normal appearing white matter (NAWM) or CSF (Pujol et al. 1992; Van Waesberghe et al. 1998; Bakshi et al. 2002; Tjoa et al. 2005; Brass et al. 2006; Neema et al. 2009 ), both of these approaches can be problematic. While CSF intensity is unaffected by disease, MRI intensities within CSF are highly variable, resulting in highly variable normalizations. On the other hand, the distribution of intensities in NAWM is well-estimated, making it a stable reference class. However, in MS patients and other disease populations, diffuse changes in qT 1 within NAWM are common; thus, normalizing with respect to NAWM would obscure such changes within the normalized modalities and hence also within any function of these modalities. Since statistical qT 1 maps are a function of the normalized MRI modalities, a stat-qT 1 image produced from NAWM-normalized sequences would be unable to show diffuse differences in NAWM across subjects or longitudinally.
Instead, we propose a novel adaptation of the z-score normalization method (Shinohara et al. 2011; ) using a combination of NAWM and cerebellar gray matter (CBGM). We use NAWM for the "scale" in normalization because its standard deviation is well-estimated, and we are primarily interested in studying the average qT 1 within a region of interest across subjects or longitudinally. We use CBGM for the "shift" in normalization because, unlike NAWM, it exhibits similar qT 1 values across subjects and disease groups. The cerebellum has been previously utilized as a reference region in positron emission tomography (PET) in the contexts of MS (Ratchford et al. 2012 ) and Alzheimer's disease (Kropholler et al. 2007 ), though to the best of our knowledge, it has not been used for intensity normalization of MRI. We use cerebellar gray matter only, rather than the entire cerebellum, since the latter is sensitive to the relative quantity of gray and white matter within each subject's cerebellum.
Let M i (v) denote the intensity of voxel v for subject i from sequence M ∈ {F LAIR, P Dw, T 1 w, T 2 w}. We employ the z-score method to normalize volume M i :
For subject i and sequence M , µ
is the median intensity within CBGM, and σ
is the standard deviation of intensities within NAWM.
The importance of normalization can be seen visually by comparing Figures 1 and 2 . Figure 1 shows the relationships between qT 1 and the four unnormalized predictors for each subject; Figure 2 shows the same plot after normalizing the predictor images using the method described above. In the second
Figure 1: qT 1 intensities versus non-normalized intensities of T 1 w, T 2 w, P Dw and F LAIR images, within NAWM. Each line is a smoothed curve from a single subject, and confidence bands for each curve are shown in gray. Without normalization, the relationship between qT 1 and each other modality varies greatly across subjects.
Figure 2: qT 1 intensities versus normalized intensities of T 1 w, T 2 w, P Dw and F LAIR images, within NAWM. Each line is a smoothed curve from a single subject, and confidence bands for each curve are shown in gray. Confidence is lower for more extreme values of the normalized predictor modalities, due to the presence of fewer voxels. After normalization, the relationship between qT 1 and each other modality is very similar across subjects and is clearly nonlinear.
figure, the curves appear signficantly more comparable across subjects, which leads to better model fit and more accurate out-of-sample prediction.
QuEEN Model
In this section we introduce the QuEEN statistical model. QuEEN uses a voxel-wise generalized additive regression model (GAM) to relate the normalized intensities of the predictor modalities to the calcqT 1 value at each voxel. We chose a GAM, implemented using smoothing splines, to model the highly nonlinear relationship between the predictor modalities and qT 1 (see Figure 2 ). Since this relationship also varies across tissue classes, we fit a separate model within each tissue class. The qT 1 value at voxel v in tissue class c for subject i is related to the corresponding normalized T 1 w, T 2 w, P Dw and F LAIR intensities through the following model:
where f c j (·), j = 1, 2, 3, 4, are smooth curves and i (v) ∼ N (0, σ 2 c ). This model was fit in the R statistical environment (version 3.0.2, R Core Team, 2013) using the gam function from the mgcv package (version 1.7-28, Wood, 2006; Wood, 2011) . This function represents the smooth curves as penalized regression splines. By default, generalized cross validation is used to estimate the degree of smoothness, and the smoothing parameter estimation criterion is optimized using the Newton method (Gu and Wahba, 1991) . Statistical qT 1 maps are obtained by applying the estimated regression curvesf c j (·), j = 1, 2, 3, 4, to the normalized T 1 w, T 2 w, P Dw and F LAIR intensities, respectively.
Within the training set, stat-qT 1 images are generated through leave-one-subject-out cross-validation. That is, for each subject in the training set, the QuEEN model is trained on all other subjects in the training set, and the resulting model is used to generate the stat-qT 1 image for that subject. For subjects excluded from the training set, stat-qT 1 images are generated using the QuEEN model trained on the entire training set.
Model Validation
We assess the performance of the QuEEN model using three different critera: first, we compute the estimation error of the stat-qT 1 images using the respective calc-qT 1 images as the gold standard. We compare this estimation error with the measurement error of the calc-qT 1 images, which we compute using repeated MRI studies collected on a subset of subjects. Second, we assess the prediction error of the stat-qT 1 and calc-qT 1 images relative to a future calc-qT 1 image, for those subjects who received a repeated scan. Finally, we perform tests of group differences of T 1 in NAWM between MS patients and healthy controls using calc-qT 1 and stat-qT 1 and compare the results. Results are presented including all subjects in the training set (see Section 2.1); results including all subjects are shown in Appendix C.
For the first criteria, we compute the estimation error of the stat-qT 1 image at each voxel as the difference between the calc-qT 1 value and the stat-qT 1 value. We then compute the estimation median squared error (MSE) within each tissue class for each subject. We assess the quality of estimation by comparing with calc-qT 1 measurement error. Measurement error due to scanner and subject-related variability exists in all MRI images, and the high level of noise on calc-qT 1 images may cause higher levels of measurement error than one would expect on (normalized) conventional MRI sequences. We compute the measurement error at each voxel as the difference between the calc-qT 1 intensities from both studies. We then compute the measurement MSE within each tissue class for each subject. We compare the distribution of estimation error of the stat-qT 1 image with the distribution of measurement error of the calc-qT 1 image within each tissue class.
Another way to assess the quality of the stat-qT 1 maps relative to the corresponding calc-qT 1 maps is to compute their error relative to the calc-qT 1 maps of a future MRI study. This is equivalent to asking whether calc-qT 1 or stat-qT 1 is better at predicting a second scan from the same subject. Since the stat-qT 1 maps are based on a regression framework, they may be less noisy due to the "shrinkage" effect of regression, in which subject-level observations are pulled towards the population mean, which has previously been shown to improve scan-rescan reliability in the context of functional MRI . For subjects with a second MRI study, we compute the prediction error of the stat-qT 1 and calc-qT 1 images from the first study relative to the calc-qT 1 image of that subject's second study. We compute the prediction MSE of calc-qT 1 and stat-qT 1 within each tissue class for each subject. Note that while prediction error may be inflated due to the presence of real biological changes, any such changes will affect both stat-qT 1 and calc-qT 1 equally on average; therefore, the validity of comparisons of prediction error levels between calc-qT 1 and stat-qT 1 will generally be unaffected.
Finally, as the analysis of acute and diffuse changes in NAWM is a common use for calc-qT 1 maps (as described in Section 1), we investigate whether stat-qT 1 is equally useful for such analyses. To assess this, we perform tests of group differences in NAWM using the calc-qT 1 images and perform the same tests using the stat-qT 1 images. We compute the median estimated T 1 within NAWM for each subject and perform a one-sided Wilcoxon rank sum test for differences between groups. Specifically, we test the following differences: SPMS > RRMS, SPMS > PPMS and RRMS > PPMS. Due to the small number of healthy volunteers in our study population, we exclude these subjects from this portion of the analysis. Preliminary group comparison results including healthy volunteers are presented in Appendix D.
Results
The estimated coefficient curves for the GAM models are shown in Appendix A. For each class, there are four estimated coefficient curves, corresponding to the four predictor modalities in the model. For a given tissue class and modality, the value of the coefficient function evaluated at a particular (normalized) image intensity is the amount (in ms) that a voxel in that class with that intensity contributes to the predicted qT 1 value. Figure 3 shows, for one randomly selected subject, two axial slices of the calc-qT 1 image (first column), stat-qT 1 image (second column), and the magnitude of the difference between them. The difference image is shown on the same scale as the images (third column) and again on a different scale to show greater detail (fourth column). The calc-qT 1 and stat-qT 1 images appear very similar. However, there are several differences: first, the stat-qT 1 image appears smoother and less noisy, particularly on the border between brain tissue and CSF. Figures 3c and 3d reflect this, as the largest differences are seen bordering CSF and between tissue classes. Second, tissue classes are more well-defined on the stat-qT 1 image, especially the deep gray matter structures. The example shown in Figure 3 is from a subject with RRMS; example images from subjects with PPMS and SPMS and a healthy control subject can be found in Appendix B. Figure 4 1 shows boxplots of the estimation MSE of the stat-qT 1 maps (shown in blue) compared with the measurement MSE of the calc-qT 1 maps (shown in orange) by tissue class. For stat-qT 1 , each boxplot represents the distribution of MSE over all subjects in the study; for calc-qT 1 , each boxplot represents the distribution over all subjects that received a second scan. The estimation error of stat-qT 1 and calc-qT 1 appear quite similar overall, with differences within certain tissue classes. In particular, stat-qT 1 tends to be more accurate in the cerebellum, deep gray matter and the brainstem, while calc-qT 1 tends to be more accurate in cortical GM, lesions and NAWM. Figure 5 shows boxplots of the prediction MSE of the stat-qT 1 maps (shown in blue) and calc-qT 1 maps (shown in orange) by tissue class. Each boxplot represents the distribution of MSE over all subjects that received a second scan. As for estimation error, prediction error is similar for stat-qT 1 and calcqT 1 . Stat-qT 1 tends to be more reproducible than calc-qT 1 in deep gray matter structures and cerebellar white matter (CBWM), while calc-qT 1 tends to be more reproducible in cortical GM, lesions, NAWM and CBGM. Figure 6 shows the prediction MSE of calc-qT 1 versus the prediction MSE of stat-qT 1 by tissue class for each of the 34 subjects that received a second scan. The gray line corresponds to equal prediction MSE of calc-qT 1 and stat-qT 1 . Overall, stat-qT 1 and calc-qT 1 appear to be roughly equivalent in terms of prediction error. Figure 7 shows the results of tests of group differences in median NAWM T 1 . For each pair of groups, the p-value displayed corresponds to the one-sided Wilcoxon test that the group on the left has NAWM T 1 greater than the group on the right. There are no significant group differences in NAWM T 1 using calc-qT 1 . However, using stat-qT 1 , SPMS patients show significantly elevated NAWM T 1 compared to RRMS patients (p = 0.018) and marginally significant elevated NAWM T 1 compared to PPMS patients (p = 0.082). Note that the tests performed using stat-qT 1 seem to be more powerful (have smaller p-values) compared with tests performed using calc-qT 1 . This increase in power is likely due to smaller within-group variance using stat-qT 1 , as reflected by the presence of fewer outliers and slightly narrower confidence bands in each group.
Discussion
In this paper, we have proposed QuEEN, a new method to create qT 1 maps that only requires the acquisition or availability of four conventional MRI sequences. We have demonstrated the utility of the statistical qT 1 maps produced using QuEEN relative to traditional calculated (acquired) qT 1 maps. Specifically, the statistical maps were shown to have similar estimation and prediction error compared Figure 4: For each tissue class, estimation MSE of statistical qT 1 maps (shown in blue) and measurement MSE of calculated qT 1 maps (shown in orange). The boxplots of estimation MSE show the distribution over all subjects in the training set, and the boxplots of measurement MSE show the distribution over those subjects in the training set who received a second scan. The estimation error of stat-qT 1 and calcqT 1 appear quite similar overall, with differences within certain tissue classes. In particular, stat-qT 1 tends to be more accurate in the cerebellum, deep gray matter and the brainstem, while calc-qT 1 tends to be more accurate in cortical GM, lesions and NAWM. Figure 5: For each tissue class, prediction MSE of statistical qT 1 maps (shown in blue) and calculated qT 1 maps (shown in orange). Each boxplot shows the distribution over all subjects in the training set who received a second scan. As for estimation error, prediction error is similar for stat-qT 1 and calc-qT 1 . Stat-qT 1 tends to be more reproducible than calc-qT 1 in deep gray matter structures and cerebellar white matter (CBWM), while calc-qT 1 tends to be more reproducible in cortical GM, lesions, NAWM and CBGM. Tests of group differences in median NAWM T 1 using calculated T 1 maps (a) and statistical T 1 maps (b). Each gray point indicates the median T 1 in NAWM for a single subject. The bars indicate Wilcoxon 95% confidence intervals for the median across subjects in each group. The p-value for each pair of groups corresponds to a one-sided Wilcoxon test that the group on the left has NAWM T 1 greater than the group on the right. For example, the test that SPMS patients have NAWM T 1 greater than RRMS patients has p = 0.378 using calc-qT 1 and p = 0.018 using stat-qT 1 . In general, tests performed using stat-qT 1 instead of calc-qT 1 tend to be more powerful (have smaller p-value), due to smaller within-group variance.
with the calculated maps. In particular, stat-qT 1 was shown to have improved accuracy and reproducibility in deep gray matter structures. Given the emerging recognition of the importance of deep gray matter structures, including the thalamus, in MS (Minagar et al., 2013; Haider et al., 2014) , this may represent an important advancement. Furthermore, tests of group comparisons using the statistical maps were more powerful compared with tests performed using the calculated maps.
Our novel normalization producedure using cerebellar gray matter produces statistical qT 1 maps that we have shown to be accurate and useful. We also performed and evaluated normalization using several other tissue classes, including NAWM, CSF, and extra-cerebral soft tissue. We found CBGM to have by far the best performance. We believe this is due to the combination of its relatively high similarity across subjects (compared with NAWM) and low variance (compared with CSF and extra-cerebral tissue). However, there are some potential issues to consider. First, CBGM can exhibit some changes due to MS disease pathology (Howell et al., 2014) . From an imaging point of view, these changes may be small in MS, but for patients with other neurological diseases in which CBGM may be affected to a larger degree, careful consideration should be taken before generating statistical qT 1 maps using the QuEEN model without modification. Second, the cerebellum is close to the receive coil array, and is hence more susceptible to bias-field inhomogeneities. Finally, a rough segmentation of gray and white cerebellar tissue is required.
For the purposes of normalization and model training, QuEEN requires a tissue class segmentation. The current methods available for segmentation in diseased populations require careful calibration and are prone to errors, even when applied by an expert technician. In fact, several of the MRI studies in our dataset were excluded due to problems with the tissue class segmentation, illustrating a need more accurate and easy-to-use segmentation methods for diseased populations. Proper normalization is crucial to accurately predict statistical qT 1 maps, and the normalization parameters (the mean of CBGM and the standard deviation of NAWM) rely on the tissue class segmentation in our model framework. To account for small errors and partial volume effects, we use eroded tissue class masks of the NAWM and CBGM to estimate these parameters. Alternatively, it may be possible to avoid the tissue class segmentation entirely for the purposes of intensity normalization by using histogram stripe-based methods such as that described in . Existing "white stripe" methods could be used to estimate the standard deviation within NAWM; further research would be needed to develop a histogram stripe-based method to identify the mean within CBGM.
A limitation of our validation is that we have tested our method on a single protocol acquired on a Siemens scanner and at a single field strength. Validation should be conducted on a large, multi-center study to assess the site-to-site and scanner-to-scanner reproducibility of stat-qT 1 relative to calc-qT 1 . Since statistical qT 1 maps do not entail the careful calibration required to acquire calculated qT 1 maps, we expect that they may be more reproducible across centers and scanners, while calculated qT 1 maps are sensitive to many technical factors. However, the QuEEN model may be sensitive to differences in the predictor modalities. For example, the model may need to be retrained to accommodate an FSPGR (Fast SPoiled Gradient Echo) rather than an MPRAGE T 1 w sequence. Another limitation of our validation is a small healthy control group. However, our validation does not rely only on group comparisions; the statistical qT 1 maps were also shown to have similar accuracy and reproducibility as calculated qT 1 maps.
QuEEN is a flexible model framework that can be adapted to various contexts through model retraining. For example, while the model specified in this paper utilizes the standard four clinical sequences, we also tested the model using only T 1 w and one or more additional sequences and observed marginal loss of accuracy (results not reported). The QuEEN model can be re-trained to adapt to a setting where the type of sequences or the protocol under which they were acquired is different from what we have described. Furthermore, one technical advantage of the QuEEN model is that it treats each individual voxel as a separate, independent observation and hence does not require spatial co-registration across subjects. As diseased brains can be difficult to register to a template , avoiding co-registration is a strength of our approach.
Finally, while we have focused on MS, the statistical qT 1 maps created using our method may also be useful for the study of other diseases where T 1 is an important biomarker assuming, as mentioned above, that the normalization approach is appropriate. Future research should focus on assessing accuracy of the qT 1 maps produced using QuEEN within different patient populations.
Conclusion
In this paper, we have proposed a new way to create qT 1 maps retroactively that only requires the acquisition of four standard clinical MRI sequences. The statistical qT 1 maps were shown to have similar accuracy and reproducibility compared with traditional calculated (acquired) qT 1 maps. They were also shown to be more powerful for tests of group differences in NAWM T 1 . Furthermore, the statistical qT 1 maps produced using our methods offer several advantages over calculated qT 1 maps. Of primary importance is convenience and retroactive availability: stat-qT 1 maps can be computed without any additional scan time using four conventional sequences. Since these sequences have historically been included in most clinical and research protocols, our method has the potential to greatly increase the availability of qT 1 maps for clinical and research use. Further research is needed to validate QuEEN across scanners, protocols and populations. For a given tissue class and modality, the value of the coefficient function evaluated at a particular (normalized) image intensity is the amount (in ms) that a voxel in that class with that intensity contributes to the predicted qT 1 value. For example, (a) shows that a voxel in NAWM with normalized T 1 w intensity of −5 would contribute approximately 1000 ms to the predicted qT 1 value. The y-axis label indicates the estimated degree of each curve (e.g. degree of 2 indicates a quadratic fit).
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B Example calc-qT 1 , stat-qT 1 and difference images (a) Calculated qT1 map from three subjects (b) Statistical qT1 map from three subjects (c) Absolute difference of calc-qT1 and stat-qT1 maps (rescaled) from three subjects Figure B .1: For three randomly selected example subjects, two axial slices of the calc-qT 1 image (a), the stat-qT 1 image (b), and the absolute value of the difference between the two on a differen scale (c).
The first column shows a subject with SPMS, the middle column shows a subject with PPMS, and the third column shows a healthy control subject. Figure C .4: Tests of group differences in median NAWM T 1 using calculated T 1 maps (a) and statistical T 1 maps (b). Each gray point indicates the median T 1 in NAWM for a single subject. The bars indicate Wilcoxon 95% confidence intervals for the median across subjects in each group. The p-value for each pair of groups corresponds to a one-sided Wilcoxon test that the group on the left has NAWM T 1 greater than the group on the right. For example, the test that SPMS patients have NAWM T 1 greater than RRMS patients has p = 0.485 using calc-qT 1 and p = 0.077 using stat-qT 1 . In general, tests performed using stat-qT 1 instead of calc-qT 1 tend to be more powerful (have smaller p-value), due to smaller within-group variance. Figure D .1: Exploratory tests of group differences in median NAWM T 1 between MS groups and healthy volunteers using calculated T 1 maps (a) and statistical T 1 maps (b). The bars indicate the Wilcoxon 95% confidence intervals for the median across subjects in each MS group and the 50% confidence interval for the healthy control group. The p-value for each pair of groups corresponds to a one-sided Wilcoxon test that the group on the left has NAWM T 1 greater than the healthy control group. Using calc-qT 1 , none of the MS groups show significantly elevated T 1 relative to healthy controls, though the SPMS group shows a marginally significant elevation (p = 0.061). However, using stat-qT 1 , the MS, SPMS and PPMS groups show significantly higher T 1 relative to healthy controls (p = 0.012, p = 0.015, p = 0.014), and the RRMS group shows a marginally significant elevation (p = 0.077). The p-value for all groups is smaller when stat-qT 1 is used compared to when calc-qT 1 is used. This provides further evidence that using stat-qT 1 results in more powerful tests of group differences in NAWM T 1 .
